Abstract: The development of accurate protein function annotation methods has emerged as a major unsolved biological problem. Protein similarity networks, one approach to function annotation via annotation transfer, group proteins into similarity-based clusters. An underlying assumption is that the edge metric used to identify such clusters correlates with functional information. In this contribution, this assumption is evaluated by observing topologies in similarity networks using three different edge metrics: sequence (BLAST), structure (TM-Align), and active site similarity (active site profiling, implemented in DASP). Network topologies for four well-studied protein superfamilies (enolase, peroxiredoxin (Prx), glutathione transferase (GST), and crotonase) were compared with curated functional hierarchies and structure. As expected, network topology differs, depending on edge metric; comparison of topologies provides valuable information on structure/ function relationships. Subnetworks based on active site similarity correlate with known functional hierarchies at a single edge threshold more often than sequence-or structure-based networks. Sequence-and structure-based networks are useful for identifying sequence and domain similarThis is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction in any medium, provided the original work is properly cited and is not used for commercial purposes. Abbreviations: Chl-MLE, chloromuconate cycloisomerase; DTartD, D-tartrate dehydratase; DipepEp, dipeptide epimerase; GalD, galactarate dehydratase; GlucD, glucarate dehydratase; LFucD, L-fuconate dehydratase; LTalGalD, l-talarate/galactarate dehydratase; MAL, methylaspartate ammonia lyase; ManD, mannonate dehydratase; MLE, muconate cycloisomerase; MLE (anti), muconate cycloisomerase-anti; MLE (syn), muconate cycloisomerase-syn; MR, mandelate racemase; NSAR, N-succinylaminoacid racemase; NSAR2, N-succinylaminoacid racemase 2; OSBS, O-succinylbenzoate synthase; RhamD, rhamnonate dehydratase Additional Supporting Information may be found in the online version of this article. ities and differences; therefore, it is important to consider the clustering goal before deciding appropriate edge metric. Further, conserved active site residues identified in enolase and GST active site subnetworks correspond with published functionally important residues. Extension of this analysis yields predictions of functionally determinant residues for GST subgroups. These results support the hypothesis that active site similarity-based networks reveal clusters that share functional details and lay the foundation for capturing functionally relevant hierarchies using an approach that is both automatable and can deliver greater precision in function annotation than current similarity-based methods.
Introduction
As high-throughput sequencing has become faster and easier to accomplish, protein sequences have accumulated at an astounding rate. 1 Structure characterization methods lag far behind the efficiency of sequencing, but even structure determination lies well ahead of the speed and cost of experimental function characterization. A key to effective utilization of the massive sequence databases is understanding the function of the encoded proteins; however, in 2005 it was estimated that less than 5% of functions had been experimentally determined. 2 As the rate of sequencing continues to increase, this issue becomes more acute as function annotation is essential to understanding the underlying biology. The need for accurate protein function annotation using automated approaches has become critical, as large-scale experimental function determination is infeasible at the level of detail useful to understanding biological mechanism. Of major concern is that automated approaches to functional annotation are prone to misannotation, 3, 4 sometimes at "alarmingly high levels." 5 A major contributor is "over-annotation," or assigning functional detail to a protein without sufficient supporting evidence. Often, over-annotation is due to function annotation transfer from a known protein to one of unknown function based on pairwise sequence similarity comparisons. As pairwise comparisons are typically based on overall sequence similarity without regard to residue motifs that may distinguish their different reaction specificities, the predicted annotation lacks the informative larger context obtained from placing the unknown sequence in a multiple sequence alignment or phylogenetic tree. To identify molecular functional details that better distinguish specific functions among distantly related proteins, it is essential to move beyond simple comparisons of full-length sequences, 6, 7 but execution remains a significant challenge with the speed and scale required. "Protein similarity networks" [conceptually illustrated in Fig. 1(A) ] have recently been used to study and visualize sequence, structure, and function relationships on a large-scale. [8] [9] [10] [11] Most typically used with sequence data, 10, [12] [13] [14] [15] [16] these networks can be associated with many different types of functional information for interactive exploration using programs such as Cytoscape. 17 As they can realistically handle many thousands of homologous proteins (or hundreds of structures), similarity networks offer a powerfully useful context by which functional properties of uncharacterized proteins can be inferred or hypothesized from those of experimentally characterized proteins with which they cluster. One starts with a fully connected network, in which each edge represents a quantitative pairwise comparison between each pair of nodes (proteins) in the network. As the threshold of the edge metric is increased [illustrated in Fig. 1(A,B) ] edges that fall below the threshold are removed, resulting in smaller clusters whose nodes share more similarity among themselves than with other clusters or singleton nodes.
In this work, we have generated networks and clustered proteins using three different similarity features: sequence, three dimensional structure, and active site microenvironments. Accuracy of functionally relevant clustering was evaluated based on comparison to the expert manual curation provided by the Structure-Function Linkage Database (SFLD) 18 for four different enzyme superfamilies (Table I) that exhibit a diversity of structural and functional relationships: enolase, peroxiredoxin (Prx), glutathione transferase (GST), and crotonase. SFLD curation has previously been used as a gold standard 19 to evaluate methods for clustering sequence or structural data into functionally relevant groups. 12, 13, 16, 20, 21 The SFLD defines a hierarchical classification system of protein function in enzyme superfamilies. 22 Each level within the hierarchy corresponds to a level of molecular functional detail [ Fig. 1(C) ]. 18 Protein sets are grouped most broadly into superfamilies, composed of proteins that share a common partial reaction step or other chemical capability, typically catalyzed by a core group of well-conserved key residues. Superfamilies are divided into subgroups, distinguished by sequence information and sometimes differences in domain structure or major inserts; proteins in each subgroup have more shared functional features than the superfamily as a whole.
Finally, subgroups are divided into families, which are sets of proteins that perform the same chemical reaction with a similar mechanism. This hierarchical classification scheme defines molecular function at various levels of detail [ Fig. 1(C) ]. Comparison with the similarity networks presented here allows us to evaluate how network topology at each edge metric and threshold compares to levels of functional detail in this hierarchy [ Fig. 1(B) ]. Here, we compare networks created using three different edge metrics to each of the SFLD hierarchical levels of superfamily, subgroup, and family. Edge metrics evaluated are: full-length sequence similarity, overall structure similarity, and active site motif similarity (hereinafter called "full sequence," "structure," and "active site profiling (ASP)," respectively). To distinguish functionally relevant clusters for each superfamily, all-by-all pairwise comparisons of each feature type were generated and visualized as networks [illustrated for the enolases in Fig. 1(B) ]. BLAST scores 23 were used as the edge metric for full sequence-based networks, and TM-Align scores 24 as the edge metric Figure 1 . Conceptual illustration of network-based clustering, which, ideally, would produce a functional hierarchy matching the SFLD. A. A similarity network is composed of nodes (proteins) connected to one another with edges (pairwise similarity scores). As the edge threshold is increased, all scores below that threshold are removed, producing distinct clusters. B. An actual similarity network hierarchy for the enolase superfamily. Each protein structure is represented by a node; pairwise ASP scores are represented by edges. This network is clustered into groups roughly mimicking subgroup annotations (border color and node shape) at a threshold of 0.31, but begins to break into specific families (fill color) and smaller groups at a threshold of 0.6. C. The SFLD defines a functional hierarchy, with superfamilies defined as sets of proteins which share a mechanistic step and the most detailed level, families, defined as sets of proteins which share entire mechanisms. Subgroups are illustrated with border color and families are illustrated with fill color. for structure-based networks. Both of these methods have previously been used as metrics for sequence [25] [26] [27] and structural [28] [29] [30] comparison, respectively. For active site comparison, we used active site profiling, a method previously developed to identify and quantitatively compare active site microenvironments. 31 Active site features are captured from sequence fragments in the structural vicinity of the defined functional site; these fragments are then aligned into a continuous sequence called an active site signature (Fig. 2) . Active site similarity between two proteins is quantified by calculating a pairwise active site profile (ASP) score which takes into account residue identity, strong similarity, weak similarity, and gaps in the alignment between two active site signatures. 31 Using the pairwise ASP score between two signatures as the edge metric, these networks can be created in a manner analogous to those generated using full sequence or structure similarity scores.
The results indicate that networks based on active site microenvironment features often identify similarity groupings that are more consistent with known functional groups. Sequence-and structurebased networks identify overall sequence similarity or major structural rearrangements, respectively. They may define functional similarity at the superfamily and, sometimes, subgroup level, but they may lose the details of molecular function at the subgroup and family level. Active site comparisons are useful in capturing detailed functional differences. This work lays the foundation for identifying functionally relevant hierarchies of annotation detail on a large scale using an approach that can deliver greater precision than current sequence-based methods and that is amenable to automated application.
Results and Discussion
Similarities and differences in clustering are observed using sequence-based, structurebased, and signature-based networks Three network series were created for proteins of known structure in each superfamily: enolase, peroxiredoxin (Prx), glutathione transferase (GST), and crotonase (Table I) . Each series was created using a different edge metric-pairwise BLAST scores, 23 TMAlign scores, 24 or active site profiling (ASP) scores 31 -for the sequence-, structure-, and signature-based networks, respectively (see Methods). To create the fully-connected networks, proteins were compared in an all-by-all pairwise manner. Edges were filtered at increasingly stringent thresholds [ Fig. 1(A) ], eliminating the weakest relationships, forming clusters with relatively higher scoring edges and, thus, proteins more "closely related" (with "relationship" defined by the edge metric), as illustrated for the enolases [ Fig.  1(B) ]. Select examples from the network series for the enolase superfamily are shown in Figure 3 . More complete network series for each superfamily are in Supporting Information Figures 1 to 4 .
Some subgroups cluster consistently across networks and score thresholds. For instance, the enolase subgroup of the enolase superfamily clusters together consistently by all three metrics, even at stringent edge thresholds ( Fig. 3 and Supporting Information Fig. 1, pink vees) . The GlucD subgroup is also clustered consistently ( Fig. 3 and Supporting Information Fig. 1, purple hexagons) .
Other subgroups and families show significant differences in clustering, even at the least stringent edge thresholds. The MLE subgroup ( Fig. 3 and Supporting Information Fig. 1 , blue outlined circles) is extremely difficult to annotate at a detailed level;
32,33 network analysis shows clustering variation between the three edge metrics even at the least stringent edge thresholds (Fig. 3, left panels) . At the most relaxed thresholds, the MLE subgroup clusters with the MR and ManD subgroups in the structure-and sequence-based networks, while ManD becomes its own cluster early in the signature-based network series (Supporting Information Fig. 1 ). Detailed observation of families within the MLE subgroup shows differing clustering patterns between the networks. For instance, the DipepEp family ( Fig. 3 and Supporting Information Fig.  1 , cyan blue circles) forms different clusters in each of the three networks at these more stringent thresholds ( Fig. 3 and Supporting Information Fig.  1 , orange boxes). In the signature-based networks, DipepEp proteins cluster together with several other families until an edge threshold of 0.65, at which time they break into two groups of three and several singlets. In structure-based networks, these proteins also cluster with other MLE families until an edge threshold of 0.92, at which point it breaks into a cluster of eight and multiple singlets; at the final threshold of 0.95, this family "disintegrates" into singlets and doublets. In the sequence-based networks, this family clusters with other MLE families, except at the relatively relaxed threshold of 1e-20 a separate triplet is formed. At a threshold of 1e-30, an additional cluster of five proteins split into their own group, while the remaining four proteins remain clustered with other proteins from other MLE families. Likewise, the enoyl CoA hydratase (subsequently referred to as enoyl) family of the crotonase superfamily forms different clusters in each network series (Supporting Information Fig. 4 , royal blue circles), consistent with previous data suggesting that this family may be mechanistically diverse and difficult to annotate. 34, 35 In the structure-and sequence-based networks, an enoyl triplet forms at relatively relaxed thresholds of 0.50 and 1e-15, respectively (Supporting Information Fig. 4 , red circles) while the remaining enoyl proteins cluster with many other families (Supporting Information  Fig. 4 , blue circles). Conversely, in the signaturebased network, most of the enoyl proteins stay in one large cluster up through filter 0.45 (Supporting Information Fig. 4 , black circle) before separating at filter 0.50. These three network series demonstrate that subgroups and families separate into smaller clusters at different thresholds depending on the edge metric used in creation of the network and how similar the subgroup or family is compared with other subgroups and families in the superfamily. These specific examples prompted us to attempt to quantify the observations further. Thus, we counted the number of SFLD-defined subgroups (enolase, Prx, Figure 3 . Representative signature-, structure-, and sequence-based network series for the enolase superfamily. The signature-, structure-, and sequence-based networks are shown at the top, middle, and bottom of the figure, respectively. From left to right, increasingly stringent edge thresholds for each network type, resulting in clusters that share more similarity (with similarity defined based on the edge metric). SFLD subgroup designations are indicated with both node shape and node border color, and the SFLD family designations are indicated with node fill color according to the legend. Filter levels (or edge thresholds) for each network were chosen in a qualitative fashion such that the number and size of protein clusters were relatively consistent between the three networks for a superfamily. More comprehensive networks for all four superfamilies are presented in Supporting Information Figures 1 to 4 . The meaning of "no filter" for the initial sequence-based network is described in Supporting Information Figure 5 . Figure 2 . Representation of active site profiling to generate an active site signature. The protein structure is used to define the microenvironment surrounding an enzyme's active site. Multiple user-identified key residues (A) define the structural location of the active site. All residues within 10 Å of one of the key residues are considered to be part of the active site microenvironment (B). These residues are extracted from the protein sequence (C) and aligned N-C terminus to create the active site signature (D). Dashes and text color separate the non-contiguous fragments in this example (PDB: 1MDR).
GST) or families (crotonase) that form distinct, allinclusive clusters at each edge threshold for each of the three network types, and the threshold with the highest count was identified for each network (Supporting Information Figs. 1-4, blue stars). In two of the four superfamilies (enolase and crotonase), the ASP-based networks clustered more functional groups (subgroups and families, respectively) with 100% accuracy than either sequence-or structure-based networks. Five enolase subgroups are identified distinctly in the ASP-based networks at the best threshold, while only three are identified distinctly in both the sequence-and structure-based networks at the best threshold (Supporting Information Fig. 1 , blue stars). For the crotonases, the ASP-based networks identified six families distinctly while the structure-and sequence-based networks identified four and five, respectively (Supporting Information Fig. 4 , blue stars). For the Prx and GST superfamilies, the ASPbased networks and sequence-based networks each clustered four SFLD subgroups with 100% accuracy, while the structure-based network only identified either two (Prx) or three (GST) subgroups distinctly at the best threshold. It is important to note that while other thresholds could have been chosen for use in this analysis, we do not believe that would significantly affect the conclusions drawn. Therefore, we hypothesize that subnetworks identified by comparing features in the active site microenvironment, as done in the signature-based networks, can be used to identify molecular functional details more accurately than sequence-and structure-based comparisons. This hypothesis is explored in more detail in subsequent sections.
Signature-based networks suggest overall subgroup active site similarity not captured in sequence-based networks A quantitative example demonstrates the specific details that distinguish sequence-and signaturebased networks. In the enolase superfamily, the MR subgroup (green diamonds) clusters with the MLE To illustrate the origin of the sequence-based network topology, multiple sequence alignments (MSAs) were constructed for the MR/ManD and MR/MLE clusters (Supporting Information File 2). Across all sequences in the MR/MLE cluster, just one position was completely conserved and one showed weak similarity. Conversely, for the MR/ManD cluster, the MSA contained six completely conserved, four strongly similar, and three weakly similar positions. These observations demonstrate quantitatively why the MR and ManD subgroups cluster together in the sequencebased network.
Active site similarity for the three subgroups was compared by creating active site signature logos from the signature-based network clusters (Supporting Information File 3) at a threshold roughly corresponding to the SFLD-defined subgroups (score threshold of 0.30). (The threshold with the greatest number of distinctly identified subgroups (score threshold of 0.35; Supporting Information Fig. 1 , blue star) was not used for this analysis as the MR subgroup is separated into multiple subnetworks at that threshold rendering the signature logo useless.) Three residues (other than the key residues) are quite similar between the MR and MLE signatures and, thus, likely causing much of the division of the signature-based clusters [yellow arrows, Fig. 4(B) , black side chains, Fig. 4(C) ]. For example, Lys in active site signature position 2 is observed in the MR and MLE proteins (K218 in 2HNE and K163 in 1NU5, respectively); whereas, Arg is observed in the ManD proteins (R147 in 2QJJ). In MR and MLE proteins, this conserved Lys is the electrophilic residue interacting with a carboxylate oxygen. The conserved Arg in this position of ManD proteins forms a dyad with Tyr 159 (in 2QJJ) and acts as the base. 36 Interestingly, the analogous ManD electrophilic residue to the MLE and MR Lys is Arg 283 (in 2QJJ) which is highly conserved in logo position 37 [ Fig.  4 (B), yellow arrow]. 36 Other differences highlighted in the signature logos may play structural roles important for preserving specific reaction steps. Despite the higher overall sequence similarity observed between the MR and ManD subgroups, the MR and MLE subgroups cluster together in the signature-based networks because their active sites share more similar features than either does with the ManD site. These common features are part of Figure 5 . Signature-based networks cluster proteins based on active site similarity, while structure-based and sequence-based networks identify domain differences. A. In the Prx signature-based network (top left), all seven members of the Prx5 subgroup cluster together at edge threshold 0.50 (black circle). In the structure-based network (top right), six Prx5 proteins cluster together at edge threshold 0.85 (blue circle) while 1NM3 becomes a singlet in its own subnetwork (red circle). The node color and shape is based on SFLD subgroup annotation, as indicated in the legend. A close up view of the active site environment is shown for all Prx5 subgroup members (1NM3 in red and the other six proteins in blue; bottom left). Colored portions represent the active site signature fragments for each protein, and the three key residues used to define the active site are shown as ball and stick models. The complete protein structure for all Prx5 proteins (bottom right) shows that 1NM3 (red) contains an extra glutaredoxin-like domain attached to the protein's C terminus compared with the other six Prx5 proteins (blue). B. A triplet of enoyl family proteins cluster together in the structure-and sequence-based networks (red circles) while the other enoyl proteins remain in one cluster (blue circles). In the signature-based network, however, the triplet is part of the large cluster of enoyl proteins (black circle). A close up view of the active site environment is shown for the enoyl triplet (red) and a representative from the large enoyl cluster (blue) (bottom left). Colored portions represent the active site signature fragments for each protein, and the three key residues used to define the active site are shown as ball and stick models. The complete protein structure for these same proteins (bottom right) shows that the enoyl triplet proteins (red) contain an extra domain compared with the representative enoyl protein (blue).
common MR and MLE mechanistic details, as previously reported, 36 suggesting the utility of signaturebased networks in identifying such features. Sequence-based networks, however, are incredibly useful in identifying evolutionary relationships, as demonstrated previously in the literature. 37, 38 Further, when evolutionary relationships correlate with molecular function, sequence-based networks mimic functional relationships. [39] [40] [41] It is critical to note, however, that evolutionary relationships do not always correlate with functional relationships, especially at the detailed level of molecular function, 42 and therefore one must be cautious when interpreting sequence-based clustering patterns.
Signature-based networks highlight active site similarity despite differences in domain composition
One common issue observed in annotation transfer is that of "extra domains." Domains may be added to proteins in a modular fashion, 43 sometimes bringing a new molecular function, often without affecting the original domain's molecular function. 44 We evaluated how domain structure impacted network topology in sequence-, structure-, and signaturebased networks. Prx5 is a subgroup of the Prx superfamily. 45 All seven proteins in the Prx5 subgroup form a distinct subnetwork in the signature-based network at an edge threshold where the subgroup is distinctly defined Fig. 5(B) , bottom left] reveals significant similarity between the enoyl triplet (red) and a representative enoyl from the larger cluster (blue). However, an examination of full protein structure [ Fig. 5(B), bottom right] indicates the enoyl triplet proteins (red) contain an additional domain, causing this triplet to form a distinct subnetwork in both the structure-and sequence-based networks [ Fig. 5(B), red circles] .
Both results indicate that structure-based networks identify structural relationships including additional or missing domains, without regard to functional implications. Signature-based networks are less sensitive to such modifications (unless they would impact the functional site) and, instead, focus on functional site features. These examples demonstrate the value in comparing the three networks because each network provides unique information not encompassed by the other networks. It also points out the importance of understanding the desired goal in using similarity-based clustering, as the edge metric impacts what is learned from the network topologies.
Active site signature logos highlight previously identified mechanistically important residues
The SFLD hierarchical function classification organizes proteins based on functional site details, 18 thus providing information about mechanistically important residues. However, years of work by expert curators were required to produce this detail on each superfamily-more efficient and rapid methods are essential. While networks have emerged as an efficient method to cluster proteins based on similarity, the protein clusters identified from networks must be functionally relevant to be accurately utilized in identifying mechanistic determinants. Examples in Figures 4 and 5 demonstrate that signature-based networks cluster proteins with similar functional site features; consequently, we explore using residue conservation in each cluster's active site profile to identify mechanistically important residues for that cluster. Previously, this approach identified functional site residues in subgroups of the Prx superfamily. ASPs identified subgroup-specific functionally important residues, including a potentially important Glu in the AhpC/Prx1 subgroup. 45 Subsequent combined molecular dynamics and electrostatics calculations indicate that this residue does, indeed, play an important functional role. 46 In the current network analysis, the AhpC/Prx1/Prx6 subgroup is distinct and the Glu is well conserved in signature logos for this subgroup [Supporting Fig. 5(A) , pink arrow]. This previous work on the Prxs and the network topology observations described herein suggest a generalizable and efficient strategy for producing hypotheses about the mechanistically determinant residues in each signature-based cluster. We first further validate this approach by comparison to experiment in the enolase and GST superfamilies, and then utilize the proposed approach to hypothesize novel functionally important residues in clusters of the GST superfamily. (With the limited data in the structure database, the crotonase clusters are too small to draw meaningful conclusions [Supporting Information Fig. 5(B)]) .
Rakus et al. annotated subgroup-specific residues at the ends of seven structurally conserved beta strands (b 2 -b 8 ) in the enolase active site. 36 The Though the threshold with the greatest number of distinctly identified subgroups in the enolase superfamily is 0.35 (Supporting Information Fig. 1 , blue stars), the MR subgroup is more complete at threshold 0.30 and only two proteins are incorrectly grouped (brown triangle in MLE cluster and green diamond in ManD cluster) so the clusters at this threshold were used in the analysis. We wanted to compare residue conservation in active site profiles with previously published results; therefore, Weblogos 47 were created for the signature-based clusters (herein referred to as signature logos) at an edge threshold of 0.30 [ Fig. 6(B tively. Similarly, the enolase, MAL, and MLE subgroups share an Asp residue near the b 5 terminus [ Fig. 6 (B), green circles], while Glu is found in that position in the MR and ManD subgroups, and Asn in the GlucD subgroup. Finally, at the b 6 terminus, the enolase, MAL, and MLE subgroups contain a Lys, the MR and GlucD subgroups share an Asp, and the ManD proteins contain an Arg [ Fig. 6(B) , fuchsia circles]. This analysis demonstrates that ASPs can efficiently identify known mechanistically important residues in the enolase subgroups, similar to previous results for the Prxs, suggesting an efficient and automatable strategy for hypothesizing residues that distinguish functional subgroups in other superfamilies. As has been noted previously, 31 functional residue identification using this approach is not necessarily complete, as some residues (such as those on b 7 and b 8 in the enolases) may fall outside of the 10 Å signature radius. Despite this lack of completeness, the similarity network clustering based on active site signatures was still able to separate the enolase subgroups, identifying a larger number of distinct subgroups at a single threshold than either sequence-or structure-based clustering (Supporting Information Fig. 1, blue stars) . Further, recent work by Petrey et al. suggests using small areas of protein structures rather than full sequence and structure comparisons is more appropriate for relating protein function. 48 Relationships derived from active site signature networks lead to hypotheses regarding functionally important residues
This same approach was used to predict functionally relevant residues in the GSTs (Fig. 7) . SFLDidentified GST subgroups cluster distinctly into subnetworks at an edge threshold of 0.35 (Supporting Information Fig. 3 , blue star); thus, subnetworks at this threshold were analyzed with signature logos (Fig. 7 , residues discussed are marked with stars and circles). The six largest subnetworks were used in this analysis, including two distinct AMPS clusters (AMPS.A and AMPS.B). Several smaller subnetworks are observed at this threshold, but are not analyzed as each is composed of too few proteins to confidently identify conserved residues. Some residues are conserved throughout the superfamily that have been previously identified. The cis-Pro (P53 in 1JLV) and the Ile (I68 in 1JLV) are both well conserved throughout the superfamily [ Fig. 7(A), black circles] ; the Pro is reportedly required for binding site formation, 49 while the Ile is important for structural stability of the active site. 50 Additionally, some subgroup-specific residues easily identified in the GST signature logos have been previously identified [ Fig. 7(A), yellow circles] . For example, a Ser in logo position 7, previously shown to activate the bound glutathione (GSH), 51 is highly conserved in Main.4 (S9 in 1JLV) and Main.8 (S17 in 1E6B) subgroups. Similarly, the conserved Thr in that same position in the Main.2 subgroup (T52 in 3C8E) plays a role in ligand binding. 52 In the AMPS subgroup, the Tyr in signature position 3 (Y6 in 1C72) has been reported to hydrogen bond to the sulfur of the GSH ligand, stabilizing a nucleophilic thiolate. 51, 53 Other residues are well conserved in one or more subgroups, but have not been previously reported [ Fig. 7(A The rapid and efficient identification of residues specific to signature-based subnetworks illustrates a useful and automatable approach to identifying mechanistically important residues that distinguish the functionally relevant subgroups in a protein superfamily.
Role of edge metric threshold in identifying the topologically-based and functionally relevant subnetworks and their hierarchical relationships As described above, functionally relevant clusters can be identified from the signature-based subnetworks and signature logos built from these subnetworks highlight well-conserved residues that play important functional roles within each cluster. However, such data are only advantageous if the edge metric used to define the subnetworks correlates with functional relevance because network topology and, thus, subnetworks (functionally relevant clusters) vary with the edge metric threshold [ Fig.  1(A,B) ]. A nontrivial question is how to determine the "correct" edge or score threshold that identifies functionally relevant clusters. We note that the difficulty of defining a useful threshold reflects complications of evolution-every superfamily has evolved at different rates and under different constraints on folding, structure and function.
In the results described in this manuscript, we used the edge threshold that most closely resembles SFLD subgroups (families for the crotonases) while keeping the subgroups (and families) as intact as possible. This technique is analogous to that used by Mashiyama et al. when determining the GST subgroup designations based on current experimental annotations. 52 In the enolase superfamily, a threshold of 0.30 produced clusters that matched the six SFLD subgroups almost perfectly [ Fig. 6(B) ]. Likewise, a threshold of 0.35 in the GST signature-based network separated all subgroups into distinct clusters and was, therefore, used to define groups for the signature logos [ Fig. 7(A) ]. Signature logos were also created for the Prx and crotonase superfamilies at thresholds of 0.35 and 0.40 (Supporting Information Fig. 5 ), respectively, scores at which the subnetworks correlate with the SFLD subgroups (Prx) and families (crotonase) (Supporting Information Figs. 2  and 4) . We note that these chosen thresholds do not always match with the threshold identifying the most subgroups (or families) distinctly and completely (Supporting Information Figs. 1-4, blue stars) . The blue stars provide a quantitative comparison between the network series-and the approach optimizes for smaller, homogeneous clusters. On the other hand, residue conservation was compared with literaturedescribed subgroups and, thus, threshold was chosen to optimize comparison to literature-identified clusters. We chose to use clusters containing one or two extra proteins that did not belong rather than using clusters that contained just half of the subgroup or family of interest, which would provide less statistical significance to the residue conservation analysis.
Further investigation of functionally relevant hierarchies by exploring network topologies at multiple edge thresholds
While it is illuminating to identify and compare functionally relevant clusters at a single edge threshold, one benefit of analyzing similarity networks is the potential to identify functional hierarchies (Fig. 1) . Can thresholds that reproduce the SFLD functional hierarchy (or other functionally relevant hierarchy), as illustrated in Figure 1 , be identified?
A key goal is to develop a process that would identify the appropriate score thresholds to cluster the protein sequence universe into functionally relevant hierarchies (Fig. 1) . Thus, network topology at increasingly stringent edge thresholds should identify hierarchical relationships within a superfamily (Fig. 1) . We evaluate the counts of edge thresholds at which the most subgroups and families are identified (stars in Supporting Information Figs. 1-4) to determine if such a hierarchy can be observed in the results presented here. Subgroups are identified in the Prx, GST and enolase families at edge thresholds of 0.3 to 0.4 in the signature-based networks, while the crotonase families (a finer level of functional detail) are most readily identified at an edge threshold of 0.5. Therefore, in the signature-based networks for this very limited set of superfamilies, the threshold for identification of families is more stringent than subgroups, correlating with a required hierarchy. On the other hand, the subgroup and family thresholds overlap in the sequence-and structure-based networks: subgroups are identified at thresholds of 0.84 to 0.92 (structure-based networks) and 1e-20-1e-35 (sequence-based networks), while families are identified at 0.92 (structure-based networks) and 1e-35 (signature-based networks). All observations are taken from a very limited data set of four superfamilies. If this observation holds for additional superfamilies and edge thresholds in signature-based networks can distinguish levels of functional hierarchies (as we propose would be ideal, Fig. 1) , these results open the pathway for developing an automated method for clustering the universe of protein sequences.
Given the results presented here, we ask if an example of such hierarchy can be observed in the current results. While most protein subgroups have too few structures to hypothesize functional hierarchies, the AMPS subgroup in the GST superfamily contains over forty structures that include the literature-described subfamilies of Alpha, Mu, Pi and Sigma, which are not distinguished in SFLD.
Topology of the signature-based network splits this subgroup into two clusters at an edge threshold of 0.35, AMPS.A and AMPS.B [ Fig. 8(A Fig. 8(C) ] identify major differences between the clusters, residues which we hypothesize as mechanistically significant [ Fig.  8(D) ].
The AMPS.A.1 cluster contains three wellconserved residues [ Fig. 8(C This result suggests the intriguing possibility of identifying functional hierarchies in each protein superfamily, as suggested by the analysis of the AMPS subgroup [ Fig. 8(E) ]. Such hierarchies could be defined at multiple levels of functional detail, depending on the needs of the investigator. Clearly further work is needed in additional superfamilies across sequence (not just structure) space to identify edge thresholds that divide superfamilies into these functionally relevant hierarchies; such work is ongoing.
Conclusion
In computational assignment of protein function, sequence similarity is often used to transfer function annotation from one protein to another. An underlying assumption in this approach is that proteins with full sequence similarity share similar function. In this manuscript, we explored what can be learned about protein function assignment based on similarity clustering using a method in which we identify clusters from network topologies produced using three different similarity measures as edge metrics. We compared with pologies of sequence-based, structure-based, and signature-based networks to determine how well subnetworks compared with the functional hierarchy defined by SFLD.
As has been shown in the extensive literature, sequence-based networks can identify evolutionary relationships; 37, 38 these networks also identify functional relationships when evolution correlates with function, which is very often the case at the superfamily level and, as shown here, is frequently (but not always) the case at the subgroup level. Structurebased networks identify structure-based differences, including domain additions, which would identify the potential of additional functional sites within the protein. Signature-based networks often identify more detailed molecular functional relationships and, importantly, can identify functional hierarchies relating subgroups and families. Additionally, mechanistically important residues can be identified from the conserved residues in the signature-based subnetworks.
The results show that signature-based similarity networks introduce an efficient, accurate way to define functionally relevant groups, an approach suggested by Zhang et al., 11 and identify mechanistically important residues in those groups. This approach can be applied systematically and on a large-scale, which would contribute significantly to guiding manual curation efforts. Finally, this analysis provides a foundation for development of semiand fully automated tools that can use sequence, structure, and active site data to group proteins in functionally relevant ways useful for many different applications.
Materials and Methods

Protein set
The Structure Function Linkage Database (SFLD) 18 is a collection of well-studied and well-curated proteins developed 19 and often referred to as a "gold standard" set. 12, 16, 20, 21, 54 These proteins have been manually curated and assigned to superfamilies, subgroups and families [ Fig. 1(C) ], based on similarity in mechanistic and specificity determinants. In this work, three superfamilies manually curated by SFLD curators were evaluated: enolase, glutathione transferases (GST) and crotonase. A fourth well-studied superfamily, the peroxiredoxins (Prx), was also analyzed using this method. Prx proteins of known structure were taken from Nelson et al. 45 and these are now available in the SFLD. A summary of proteins in each superfamily are provided in Table I ; details about protein structures used in each subgroup and family within each superfamily are provided in Supporting Information File 4. To accurately compare results, it is critical to create networks using the same number of proteins for each of the three edge metrics. Structure-based networks require a solved three-dimensional protein structure; thus, the set of structures available in the SFLD as of April 2013 were utilized for all network evaluations. Groups of proteins exhibiting high levels of sequence identity produced clusters that were highly similar in all three networks, cluttering network visualization and hindering analysis. Therefore, superfamily members of known structure were evaluated for redundancy. Redundancy was identified by aligning all pairs of sequences using Stretcher 55 and calculating the percent identity for each pair within the superfamily. One protein, at random, was retained from each group of proteins that shared 95% full sequence identity; this representative set of non-redundant proteins for each superfamily was used in all network evaluations. The full list of representative and redundant proteins for each superfamily is provided in Supporting Information File 4.
Clustering evaluated using sequence-, structure-, and signature-based scoring methods
Networks were created for the proteins in each superfamily using ClusterMaker, 56 a plugin for the Cytoscape software package 57 that has implemented the Markov clustering algorithm (MCL). 58 The appropriate edge metric (ASP score, TM-Align score, or BLAST score) was used for the array source with all other default parameters used. After clustering, a force directed layout based on the scoring metric was applied to arrange and visualize the networks. Different scoring methods were used as the edge metric in each of the three networks: full-length sequence comparison using the BLAST scoring function; 23 full-length structure comparison using the TM-Align scoring function; 24 and active site signature comparison using the active site profile (ASP) scoring function. 31 Sequence comparison edge weights were determined based on the more significant of the two reciprocal BLAST e-values between two proteins, run with default parameters. BLAST scores represent the likelihood of the sequence similarity being solely due to chance; most values are in the range [0, 1] with smaller values corresponding to higher similarity. 23 Structure comparison edge weights were determined by the TM-Align score between two proteins, normalized by the average length of the two proteins. TM-Align scores represent the length-normalized structural similarity of two proteins, weighting the more similar areas stronger than the less similar areas; the scores are in the range [0, 1] with larger values corresponding to higher similarity. 24 Active site similarity edge weights were determined based on the ASP scoring function, which takes into account residue identity, strong similarity, weak similarity, and gaps in the pairwise active site profile alignment and is normalized by the total length of the pairwise alignment. 31 ASP scores represent the length-normalized sequential and structural similarity of the active site microenvironment of two proteins; the scores are in the range [-0.5, 1] with larger values corresponding to higher similarity. 31 Active site signatures 31 for each protein are determined from the structure surrounding useridentified key residues. Three key active site residues were defined for each superfamily from SFLDidentified enzymatically active residues and key residues for the remaining proteins were identified using structural overlays (Supporting Information Fig. 6 ) in Chimera. 59 A full list of all key residues can be found in Supporting Information File 4. Active site profiling 31 was performed as implemented in the Deacon Active Site Profiler (DASP). 60, 61 Briefly, for each protein, all residues for which any atom lies within 10 Å of the center of mass of one of the key residues are extracted and aligned N-to-C terminus to create an active site signature. Single residues and fragments of length two are eliminated from the signature. Pairwise active site signature comparison edge weights were determined using an in-house Python script that utilizes the signature similarity scoring metric previously described. 31 The networks created using the BLAST, TM-Align, and ASP scoring metrics are referred to as sequence-based, structure-based, and signature-based networks, respectively.
Clusters defined by edge thresholding produce subnetworks
For each network, subnetworks or clusters were defined by the edge threshold (a "filter") applied to the edge weights. At a given edge threshold, all edges with scores below that threshold are removed. When the threshold is applied, these missing edges produce distinct subnetworks, where the edges within the subnetwork have pairwise edge scores more significant than the threshold, and the edges that previously connected the subnetworks have been removed due to less significant scores. We explored the formation of subnetworks (or clusters) at different score thresholds, so we could compare the hierarchy of subnetwork formation in each superfamily. It is important to note that at each edge metric threshold, the MCL clustering algorithm may remove some edges that are above the threshold during the clustering process. For example, edges removed from the BLAST network during clustering are very large compared with the majority of edges that are quite small (Supporting Information Fig. 7) ; thus, the clustering algorithm removes the edges with the extremely large scores at the "no filter" edge threshold producing multiple subnetworks before edge threshold application.
To compare how accurately each of the three networks identified known functional groups, we counted the number of clusters that were distinct and all inclusive of a subgroup (for enolase, Prx, and GST) or family (for crotonase) at each edge threshold in each of the three networks. Subgroups or families with only one protein structure were not part of the count, and uncharacterized proteins were ignored in all clusters. The highest count for each network series was marked (Supporting Information Figs. 1-4 , blue stars) and analyzed.
Signature similarity visualized using active site signature logos Sequence logos for the protein clusters were created using WebLogo version 3.3. 47 Signatures were first split into their noncontiguous fragments. To make the signature logos as accurate as possible, each signature fragment must be a consistent length for all of the proteins in a superfamily. Towards this goal, each fragment in all proteins in a superfamily was aligned based on structural overlays and both ends of the fragment were extended in each signature using the contiguous protein sequence until each fragment was a consistent length for all proteins in the superfamily. The fragments were then concatenated to form final signatures. Fragment extension and concatenation was subsequently added to DASP to more accurately group proteins based on their active site microenvironment (manuscript in prep). To create the figures, default settings from the Weblogo website (http:// weblogo.berkeley.edu/) were used except for the small sample correction, which decreases the height of all of the letters in small samples; given the small sample sizes, it was important for all letters to be visible for the analysis. In the signature logos, the larger the letter, the more frequent that residue is found in that position throughout the set of active site signatures. 
